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Abstract 
To achieve an economically and environmentally sustainable lignocellulosic biomass 
(LCB)-based biofuel industry sector, the design and location of a sustainable LCB supply chain 
is important. In this study, a multi-objective optimization model integrated with high-resolution 
geographical data was developed to examine the optimal switchgrass supply chain for a potential 
biorefinery in Tennessee, specifically evaluating the potential tradeoffs between the objectives of 
minimizing plant-gate cost and GHG emissions from the switchgrass supply chain. The key 
findings of this study are as follows: both plant-gate feedstock cost and GHG emissions were 
sensitive to the type of land converted into switchgrass production, the type of land use change 
also affected the density of the feedstock supply region due to the spatial heterogeneity in the 
availability of different types of land, hence affecting transportation-related cost and GHG 
emissions, and a tradeoff relationship was discovered between cost and GHG emissions for the 
switchgrass supply chain, primarily driven by the type of land converted.  
As a result of land use changes and transportation distances, the imputed cost to reduce 
one unit of GHG emissions was initially modest; however, the imputed cost increased 
considerably when the supply chain GHG emissions were further mitigated. This implied that the 
location of switchgrass production and the resulting changes in crop production should be 
considered in targeting government incentives to encourage switchgrass-based biofuel 
production in the state and the southeastern region.  Sensitivity analyses indicated that the dry 
matter loss (DML) decomposition, if considered as a source of GHG emissions, would 
considerably increase the supply chain GHG emissions. Different harvest and storage technology 
used in the feedstock supply chain altered the DML rate and corresponding GHG emissions 
however did not change the tradeoffs between the two objectives significantly. The consideration 
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of GHG emissions from cattle relocation, on the other hand, appears to reduce the GHG emission 
level of the supply chain to a great extent and change the tradeoff relation between the two 
objectives. 
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Chapter 1 Introduction 
Concerns about rising fuel prices and climate change have stimulated public and 
government interest in finding more sustainable energy sources such as solar, wind, and biofuel.  
Specifically, the development of a biofuel industrial sector has been widely recognized as one 
potential alternative to reduce fossil fuel usage and vehicle emissions (Demirbas, 2007). Biofuel 
production is primarily generated from conventional feedstocks, e.g. corn grain in the U.S., given 
their rich sugar or starch content (Crago et al., 2010). With the increasing concern about the 
linkage between biofuel production and food prices, more attention has been directed to non-
food biofuel feedstocks.  
Lignocellulosic biomass (LCB) has been regarded as a promising non-food feedstock for 
biofuel production in the United States (Chum and Overend, 2001). Compared with conventional 
feedstocks such as corn grain, LCB feedstocks are potentially abundant and less linked to food 
market. LCB feedstocks offer additional benefits in terms of soil erosion reduction and increased 
biodiversity (Smeets et al., 2009). Thus, the Renewable Fuel Standard (RFS), an important part 
of the Energy Independence and Security Act (EISA) of 2007, mandated the production of 500 
million gallons of LCB-based biofuel in 2012, 1 billion gallons in 2013, and at least 16 billion in 
2022 to be used by the transportation sector (U.S. Congress, 2007).  
Notwithstanding the national mandate, the expected biofuel production from LCB 
feedstock is only 5 million gallons in 2013. Production is expected to increase to 250 million 
gallons by 2015 with the establishment of more biorefinery plants, according to a recent U.S. 
Energy Information Administration report (EIA, 2013). One cause of the substantial gap between 
the actual volumes of LCB-based biofuel production and the mandate is the delivery cost of LCB 
feedstocks (Bansal et al., 2013). The LCB supply chain encompasses the flow of feedstock from 
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field to the biorefinery gate, including production, harvest/collection, storage, and transportation 
(Sokhansanj et al., 2006). The design of LCB supply chain has great implications to the 
economic and environmental sustainability of biofuel industry (Hess et al., 2003). Specifically, 
the LCB supply chain can constitute 20-50% of the total biofuel production cost (Hess et al., 
2007; Eksioglu et al., 2009). Also, activities in an LCB supply chain e.g. change in land use, 
fertilizer application, and feedstock transportation, produce GHG emissions (Qin et al., 2011; 
Adler et al., 2007; Yu et al., 2013). Therefore, the economic and environmental performance of 
feedstock supply chain needs to be carefully studied when considering the development of a 
commercialized biofuel industrial sector.  
When assessing the economic and/or environmental performance of the LCB supply 
chain, it is common to incorporate spatial information by using a geographical information 
system (GIS) (e.g. Graham et al. 1996a; Zhang et al., 2011), especially for the site-specific 
studies (e.g. Jappinen et al., 2011; Archer and Johnson, 2012). These studies analyzed the 
sustainability of single or multiple biofuel plants and the associated feedstock supply chains (e.g. 
Petrolia, 2008; Jappinen et al., 2013; Archer and Johnson, 2012) and their local influences, e.g. 
traffic and air quality (Yu et al. 2013). Those studies suggested that local geographical properties 
should be considered when evaluating the economic and environmental sustainability of an LCB 
supply chain. More precisely, the spatial variation in the availability of feedstock and production 
cost led to considerable differences in the supply chain costs between candidate locations (Noon 
et al., 2002). In addition, the quantity and quality of available feedstock could contribute to 
variations in GHG emissions produced from feedstock supply chains (Jappinen et al., 2011). 
Besides the local feedstock availability, the type of land use change also influenced the economic 
and environmental performance of an LCB supply chain as the conversion of different types of 
3 
 
land to switchgrass leading to different opportunity costs and soil CO2 emissions/sequestration 
(Qin et al., 2011; Kwon et al. 2013). In addition, the quality of local transportation network 
affected the average speed and hence the transportation cost and GHG emissions of a feedstock 
supply system. 
Mathematical programming is a commonly adopted approach in site-specific studies to 
determine the location of the biorefinery and the optimal design of an LCB supply chain. The 
objectives of the mathematical models in many studies were optimizing economic factors such as 
cost minimization, net present value maximization, or profit maximization (Dunnett, et al. 2007; 
Kondili et al., 1993; Mas et al., 2010), whereas a few studies also considered both economic and 
environmental optimization in the decision criteria (Bernardi et al., 2012; Elia et al., 2011; Zhang 
et al., 2012). Local geographical information such as the spatial variation of feedstock yield and 
fuel demand was incorporated in the mathematical programming model to determine the optimal 
biorefinery site and feedstock supply chain (You et al. 2012). However, the type of land use 
change and local road network were usually neglected in multi-objective optimization studies of 
the LCB supply chain, despite the potential impact of land use change by crop type on GHG 
emissions (Kwon et al., 2013). 
In this thesis, a case study was conducted to examine the sustainability of using 
switchgrass as a feedstock for biofuel production in Tennessee by considering both economic 
and environmental performance of the feedstock supply chain. Local land use change and road 
network data was incorporated. Switchgrass, a native perennial grass in North America, has long 
been regarded as a promising LCB feedstock for biofuel production. Studies have shown a 
higher yield of switchgrass in the humid subtropical climate of the Southeastern U.S. such as 
Tennessee than in other regions of U.S. (Gunderson et al., 2008). In Tennessee, a total of $70 
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million was allocated to the Tennessee Biofuel Initiative, a state-supported program to help the 
development of switchgrass-based biofuel industry. Consequently, a total of 5,100 acres of 
switchgrass land and a pilot cellulosic biorefinery were established (Jackson, 2012). Based on 
the progress of the biofuel program in Tennessee and the potential for commercial biofuel 
production in the future, this study aimed to provide valuable information about the key factors 
in the design of a sustainable switchgrass supply chain. The specific objectives of this study were 
twofold: 
(1) Evaluate the key factors that influence the cost and GHG emissions of a switchgrass 
supply chain in Tennessee and evaluate the potential tradeoffs between economic and 
environmental performance in the switchgrass supply chain, and 
(2) Determine the location of potential biorefinery and the associated switchgrass supply 
region and examine the relationship between the types of land used for conversion and the 
density of the switchgrass supply chain. 
This study hypothesized that: (1) a tradeoff might exist between these two evaluated 
criterions and (2) the land conversion type influenced the biorefinery location and the density of 
the feedstock supply region. 
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Chapter 2 Literature Review 
2.1 The LCB Supply Chain Design 
The design of a sustainable LCB supply chain and efficient conversion technology has 
become the main focus of most current research efforts in biomass and bioenergy studies 
(Sharma et al., 2013). Studies indicated that the development of an LCB supply chain faced 
several challenges ranging from cultivation of biomass to feedstock collection and transportation 
(Rentizelas et al., 2009). For example, the scattered geographical distribution of biomass 
availability added considerably to cost during feedstock harvest, collection, and handling (Gold 
and Seuring, 2011); the limited harvest time for most LCB feedstocks led to off-season under-
utilization of machinery and equipment (Dunnett et al., 2007); the low energy density of LCB 
feedstock and the limited capacity of carriers added considerable cost of feedstock transportation 
as well as potential social and environmental impacts (Gold and Seuring, 2011; Kumar et al., 
2007). As the RFS is mandating 16 billion gallons of LCB biofuel for the transportation sector 
by 2022, the development of more sustainable LCB supply chains is a necessary prerequisite to 
the effort to fulfill the national target. 
Recently, advanced tools and mathematical modeling have been used in the design of the 
LCB supply chain (Sharma et al., 2013). Mathematical modeling has been adopted to analyze the 
optimal supply chain design for product manufacturing, inventory management, and distribution 
(e.g. Cohen and Lee, 1998; Newhart et al. 1993; Voudouris and Consulting, 1996). Among the 
studies applying mathematical modeling in the LCB feedstock supply chain, many have focused 
on economic factors such as cost, net present value (NPV) or profit. For instance, Cundiff et al. 
(1997) conducted a case study in Piedmont County, South Carolina to examine the economic 
performance of a hypothetical bioethanol plant. Several switchgrass producers were considered, 
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each with its own storage location. Cost estimates were provided for switchgrass loading, 
storage, transportation. Comparison of different storage methods was conducted. Dunnett et al. 
(2007) analyzed the economic sustainability of the LCB feedstock stock supply chain for a heat 
plant with a 20 MWth peak output. Agricultural land within 1,225 square km area was 
considered as a supply region, and the study indicated that land, cultivation and harvesting from 
the feedstock supply chain accounted for the major portion of the total cost. 
Zhang et al. (2012) proposed a mixed integer linear programming (MILP) model to 
examine the potential development of a switchgrass-based bioethanol supply chain with supply 
chain cost minimization as its objective, suggesting that the demand for gasoline in North Dakota 
could be met if 61% of the marginal agricultural land was converted into switchgrass for biofuel 
production. Mas et al. (2010) added the uncertainties in market conditions when optimizing 
profit in the design and planning of biomass-based fuel supply networks for ethanol production. 
Two optimization criteria, i.e., profit maximization and risk minimization, were tested in their 
case study in northern Italy. Results from profit maximization indicated that biorefinery 
profitability was sensitive to the market price of Dried Distillers Grains with Solubles (DDGS). 
Results from risk minimization indicated that the investment of ethanol production would not be 
sustainable with a low DDGS selling price. 
Previous studies have also indicated the potential influence of the LCB supply chain on 
the environment (Gold and Seuring, 2011; Bojarski et al., 2009) and social welfare (You et al., 
2012). Additionally, a few exceptional cases have used a multi-objective approach to include 
other criteria, such as environmental quality or employment, which might influence the 
sustainability of a biorefinery in objective functions as well as on the basis of economic criteria. 
For example, El-Halwagi et al. (2013) developed a MILP model to consider both cost and safety 
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issues of a biofuel supply chain covering feedstock production through the biofuel’s end use, 
with the safety issue measured by potential fatalities associated with the biofuel supply chain. 
Results indicated that the economic and safety objectives contradicted each other over certain 
ranges. 
 You and Wang (2011) incorporated economic cost and GHG emissions to examine the 
optimal biofuel supply chain as a case study in Iowa, covering feedstock production in the field 
to the biofuel consumption, and found that efficient conversion technology was the key for 
commercialized LCB-derived biofuel production. You et al. (2012) conducted a county-level, 
multi-objective study on the LCB feedstocks supply chain in Illinois, concluding a tradeoff exists 
between the economic and environmental performance of the biofuel supply chain and the new 
jobs created were positively correlated with the economic cost of the supply chain. Bernardi et 
al. (2012) expanded the MILP model in Mas et al. (2010) to consider multiple objectives when 
optimizing the biofuel supply chain, and suggested that the NPV for biofuel production was 
positively related to both carbon emissions as well as water consumption.  
Among the studies of LCB feedstock or biofuel supply chain, spatial data with different 
resolutions have been considered in different studies. For studies focusing non-spatial related 
objectives such as the selection of conversion technologies for biofuel production (e.g. Giarola et 
al. 2012), spatial data was infrequently addressed or neglected entirely. If a study’s goals 
concerned land management-related perspectives such as land conversion of feedstock into LCB 
production (Perlack and Stokes, 2011) or the determination of location for biorefinery facility 
(Bowling et al., 2011), high resolution spatial data was usually incorporated (Marvuglia et al., 
2013). 
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The application of GIS on land management-related projects started in the 1970s (Steinitz 
et al., 1976) in related areas including waste management (Gorsevski et al. 2012), agricultural 
and forestry (Morari et al. 2004), and regional planning (Ward et al. 2003). The major benefit of 
involving GIS into land use management has been its capability to perform an integrated analysis 
of spatial and attribute data (Couclelis, 1991). Besides, GIS tools have helped in multi-criterion 
analysis to display, manipulate, and evaluate various feasible alternatives during land use 
decision problems (Malczewski, 2006). 
Integrating GIS with mathematical programming in the LCB supply chain design has 
occurred since the early 1990s (e.g. Graham et al., 1996a). For example, Dunnett et al. (2008) 
developed a MILP model which simultaneously determined the optimal design and operation 
schedules for a biomass-to-heat supply chain with cost minimization as an objective. The study 
area was decomposed into 25 homogeneous regions. Potential options for conversion 
technology, system scale, and supply/demand distribution were explored. The resulted indicated 
that the cost of biofuel production could be significantly reduced by increasing economies of 
scales and high-yield energy crops. Wu et al. (2010) assessed the feasibility of woody biomass 
based ethanol production in Central Appalachia with NPV maximization as the objective. By 
considering biomass availability, bale type, logistics, price, project financing and taxes, an 
optimal site for biofuel plant was located in West Virginia with an NPV of $68.11 to $84.51 
million for a 20-year plant life. 
2.2 Switchgrass Supply Chain Cost and GHG Emissions 
Operations in the switchgrass supply chain related to both economic cost and GHG 
emissions are important elements in the optimization models. The economic cost of a 
switchgrass supply chain is influenced by the costs of fuel, materials, machinery and labor 
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required for switchgrass production, harvest, storage and transportation. The conversion of other 
cropland into switchgrass also has an opportunity cost. The foregone profit from the previous 
production activity must be considered in the decision of land conversion to switchgrass 
production. Furthermore, GHG emissions emanate from activities related to land conversion, fuel 
combustion directly associated with the switchgrass supply chain and indirectly from the 
production of agricultural materials and machinery used in switchgrass production.  
Among all these operations and procedures, several factors have been commonly 
discussed as potentially significantly affecting the economic cost or GHG emissions of the 
switchgrass supply chain. 
Previous studies found that the cost of the switchgrass supply chain is affected by land 
use change, switchgrass harvest and storage technologies, and the associated feedstock supply 
region density. Since land for switchgrass is converted from other cropland or hay and pasture 
land, an opportunity cost needs to be considered in the breakeven price or payment to farmers to 
cover production expenses and provide the same net return compared with previous crops   
(James et al., 2010). The breakeven price differs among land with different profitability and 
crops. Mooney et al. (2009) studied the breakeven price based on a multi-location experiment in 
Tennessee, finding that yield, nitrogen fertilizer price, and fuel price influenced the breakeven 
price, ranging from $46 per Mg in the well-drained upland to $69 per Mg in the poorly drained 
flood plain in Tennessee. A similar study was conducted by Bangsund et al. (2008) to examine 
the breakeven price for switchgrass in south central North Dakota. Their study indicated that the 
breakeven price for switchgrass varied from $47 per Mg in low productivity soils to $76 per Mg 
in highly productivity soils when considering the profitability of previous crops.  
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Harvest and storage technology is also cited as major impact factors affecting supply 
cost. For example, the bale system used for the harvest and storage of switchgrass influences the 
cost of harvest, storage, and transportation. Hess et al. (2007) studied the economic 
competitiveness of LCB-based biofuel. The results indicated that 35-50% of biofuel production 
cost was from feedstock cost. In the study of the two conventional bale types, square and round, 
square bales have a larger throughput capacity than round balers, making them more cost-
attractive during harvest, handling, and storage (Thorsell et al., 2004; English et al., 2008). 
However, round bales benefit from a lower dry matter loss (DML) rate during storage (Mooney 
et al., 2012). DML during storage influences cost in two ways: First, the DML is differentiated 
among different bale types and protection options. Cundiff and Marsh (1996) simulated the 
harvest cost for large round bales vs. large square bales. The results indicated that the harvest 
cost for round bales was $52.05/Mg while the cost for square bales was $37.6/Mg. Additionally, 
the storage period also influenced the feedstock loss rate. For example, Mooney et al. (2012) 
analyzed the optimal bale type with profit maximization among different bale systems, 
protection options, and storage period and found that the least cost solution considering harvest, 
storage, and transportation costs was via square bales stored with tarp covers on wood pallets. 
Round bales would not be optimal unless the price of switchgrass reached about $100 per Mg 
and the storage time reached 180 days. Besides these two conventional bale types, some studies 
had examined different preprocessing technologies such as dry chopping and wet chopping to 
lower the economic cost (Kumar and Sokhansanj, 2007). 
The location of the biorefinery and the density of the supply region influence the 
transportation cost of the switchgrass supply chain. Yu et al. (2013) estimated the plant-gate cost 
of using two separate energy crops, i.e., switchgrass and energy sorghum, as the feedstocks for 
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biofuel production. Given a fixed demand from the biorefinery, the results indicated the 
transportation cost would increase with a larger feedstock supply region and lower feedstock 
density for both feedstocks. Various transportation methods have also been examined. For 
instance, Kumar and Sokhansanj (2007) examined three transport options, i.e. bale transport, 
grind transport and chop transport, the results indicating that bale tranport had the lowest cost of 
$21.19/Mg, followed by grind transport with $23.19/Mg and chop transport with $25.32/Mg.  
Two major sources of GHG emissions from the switchgrass supply chain are 1) land use 
change, and 2) energy consumption from switchgrass production, harvest, storage, 
transportation, and the production of seed, fertilizer, herbicide and machinery (Ney and Schnoor, 
2002). Type of land converted to switchgrass production (e.g. Qin et al. 2011), harvest and 
storage technologies adopted (Kumar and Sokhansanj, 2007), and the feedstock supply region 
road network and topography (Yu et al. 2013) also influenced the GHG emissions from the 
switchgrass supply chain. 
Different land types such as traditional crop (e.g. corn, soybean, and wheat), grassland, 
and switchgrass had different carbon sequestration rates. A proper assessment of the net CO2 
emissions from land use change should be the difference between carbon sequestration before 
and after the land use change (Adler et al., 2007). Particularly, Qin et al. (2011) examined the 
soil CO2 emissions from the conversion of three major crops (i.e., corn, wheat and cotton) to 
switchgrass. The output indicated that the conversion from different crops into switchgrass 
production led to different soil CO2 emissions. A recent study of Kwon et al. (2013) studied the 
potential of converting cropland and hay and pasture land into switchgrass production in the U.S. 
based on the CENTURY model, a plant-soil nutrient cycling model which simulates carbon and 
nutrient dynamics for different types of land. The output indicated that the conversion of 
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cropland, hay and pasture land, conservation land and forest to switchgrass production led to 
different soil CO2 emission factors. Moreover, the CO2 emission factor varied among different 
states in the U.S. due to different soil properties and harvest schedules. For Tennessee, the 
conversion of cropland to switchgrass led to net GHG sequestration but the conversion of hay 
and pasture land to switchgrass led to net GHG emissions.  
Another source of GHG emissions, N2O emissions from switchgrass production is owed 
to the denitrification and partial denitrification process of applying fertilizer (Ney and Schnoor, 
2002). In some studies, N2O emissions have been regarded as the largest source of GHG 
emissions in the switchgrass supply chain (Adler et al., 2007, Crutzen et al., 2008). Moreover, 
the cattle located on hay and pasture land might have to be relocated if the hay and pasture land 
is converted into switchgrass production, possibility leading to GHG emission changes since 
cattle are a major contributor to CH4 emissions based on the report of the Intergovernmental 
Panel on Climate Change (IPCC, 2006). 
Besides land use change, the annual GHG emissions from switchgrass production and 
harvest varied along with different harvest and storage technologies such as different baling 
systems. Kumar and Sokhansanj (2007) indicated that the baling technology played an important 
role in determining the GHG emissions from switchgrass supply chain. They found that the GHG 
emissions from round bales were about 17% higher than the square bales. Different DML rates 
during storage served as another impact factor on GHG emissions, though less discussed. DML 
led to GHG emissions in two ways: First, due to DML during storage, more feedstock needs to 
be produced and this magnifies the GHG emissions generated. According to Emery and Mosier 
(2012), the increased feedstock production due to storage loss might increase GHG emissions by 
5-53% for outdoor storage. In addition, the lost switchgrass goes through aerobic and anaerobic 
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decomposition processes leading to CO2 and CH4 emissions (Mann and Spath, 2001). Qin et al. 
(2006) examination found that about 108 CO2e gram  of GHG were emitted due to dry matter 
degradation per Mg of switchgrass produced for co-firing for electricity.  
GHG emissions generated from LCB feedstock transportation are directly linked to the 
mode of transport (Mahmudi and Flynn, 2006) and transport distance (Thornley, 2008). As for 
switchgrass supply chain, the density of feedstock supply region also affects the GHG emissions. 
Yu et al. (2013) analyzed the feedstock cost and transportation emissions of a switchgrass supply 
chain in Tennessee. The study output indicated that the topography of the road networks and the 
density of the feedstock supply region influenced the Vehicle Miles Traveled (VMT) during 
switchgrass transportation and consequent GHG emissions and air pollutants.  
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Chapter 3 Conceptual Framework 
The process of locating the feedstock supply from various areas for a biorefinery to 
maintain its annual biofuel production of Q (gallons) is presented in a simplified conceptual 
model. The biorefinery is assumed to be built in an existing industrial park in the study area 
using switchgrass as the potential feedstock. Since no large-scale switchgrass production is 
currently available, a certain amount of agricultural land needs to be converted into switchgrass 
production to meet the biorefinery demand. The objective of the biorefinery is to develop an 
economically and environmentally sustainable feedstock supply chain that supplies the adequate 
feedstock. 
Assuming the biorefinery has limited market power in the competitive transportation fuel 
market, the biorefinery is a price-taker of the market price P ($/gallon). The profit of the 
biorefinery,   ($), is defined in equation (1): 
            (1) 
where TC ($) is the total cost of the biorefinery. Since P is exogenous to the biorefinery in the 
competitive biofuel market and Q is a given capacity, the revenue of the biorefinery, i.e.,     
is predetermined. Thus, in order to maximize profit, the biorefinery will minimize its total cost 
TC, which consists of three parts: the capital cost of the biorefinery (  ), the cost of operations 
during biofuel production (  ), and the feedstock cost (  ) (see equation (2)).  
min.                         (2) 
Assuming the technology used for biofuel production and the capacity of the biorefinery 
are given (i.e.    and    are predetermined), the biorefinery minimizes feedstock cost for the 
economic sustainability target.  
min.       (3) 
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With no market price for switchgrass available, the feedstock cost at biorefinery gate including 
the cost of switchgrass production, harvest, storage and transportation as well as the opportunity 
cost for land conversion need to be considered. In contrast to the capital cost    and operation 
cost   , the feedstock cost    is heavily affected by spatial conditions such as the availability of 
feedstock and the road network for feedstock transportation (Noon et al., 2002). Thus, the 
feedstock cost could vary considerably depending on the location of the feedstock supply even 
though the biorefinery demand is fixed given the annual capacity of Q. 
The feedstock supply chain is not only a source of cost but also GHG emissions. Previous 
studies indicated that spatial factors such as type of land use change can affect the GHG 
emissions generated from the switchgrass supply chain (  ) (Kwon et al. 2013). Thus, the level 
of GHG emissions from the feedstock supply chain is also spatially dependent. Also, the 
operations in the feedstock supply chain, such as the production, collection, storage and 
transportation of feedstock, will also generate GHG emissions. Thus, considering both economic 
and environmental performance in the feedstock supply chain, the objective of this study is to 
minimize both the cost and GHG emissions associated with the feedstock supply chain in 
equation (4). 
min.               (4) 
Given the conversion rate of   (gallon/ton) for switchgrass-based biofuel, the total 
demand of switchgrass from the biorefinery, X (Mg), is showed in equation (5) 
   
 
 
 (5) 
To specify the spatial heterogeneity, the potential feedstock supply region for the biorefinery is 
decomposed into n small crop zones of identical area (e.g., 5 square miles). The acreage of 
switchgrass produced in each crop zone is defined as    (acre), and the yield of switchgrass    
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(Mg/acre) also varies among different crop zones. The amount of switchgrass produced in each 
crop zone    (Mg) is then shown in equation (6). 
          (6) 
Assuming there is no DML during the switchgrass supply chain, the total amount of switchgrass 
produced from the crop zones is equal to the demand from the biorefinery in equation (7). 
∑   
 
    ∑      
 
    
 
 
  (7) 
The conversion of hay and pasture land or cropland into switchgrass varies in terms of 
opportunity cost and GHG emission factors. Hay and pasture land has a lower profitability than 
cropland, so the cost of converting one acre of hay and pasture land is less than the cost of 
converting one acre of cropland. On the other hand, hay and pasture land has a higher carbon 
sequestration rate than cropland, so more GHG emissions are generated if hay and pasture land is 
converted compared with traditional cropland. To differentiate the sources of land conversion, 
the acres of hay and pasture land converted into switchgrass in each crop zone are defined as 
  
   
, and the acres of cropland are defined as   
    
 with the following relationship 
maintained.  
     
      
    
  (8) 
In equation (9),    is defined as the ratio of hay and pasture land converted to the total acres of 
land converted in crop zone  . 
   
  
   
  
  (9) 
Considering the aggregated hay and pasture land converted to switchgrass in all crop zones for 
the biorefinery, the aggregated regional hay and pasture land ratio R (R      ) can be defined in 
equation (10):  
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  (10) 
 The cost and GHG emissions of the feedstock supply chain are not only affected by the 
type of land conversion (  ) in each crop zone but also the acres of land converted into 
switchgrass production (  ) and the yield of switchgrass (  ). For example, if one crop zone,  1 
is closer to the biorefinery than the another one,  2, delivering one unit of feedstock from crop 
zone  1 to the biorefinery has a lower cost and lower GHG emissions compared with crop 
zone  2. Moreover, if crop zone  1 has a higher yield per acre compared with crop zone  2, then 
the cost and GHG emissions from producing one unit of switchgrass in crop zone  1 will be 
lower than crop zone  2. Therefore, the feedstock cost and GHG emissions are a function of 
these three factors: 
                                            (11) 
                                            (12) 
Since R is also the function of   ,    and   , the cost (  ) and GHG emissions (  ) from the 
switchgrass supply chain are functions of R with the given capacity   and the consequent total 
feedstock demand X (see equation (5)) by aggregating the spatial dimension  .  
             (13) 
             (14) 
 Fig. 1 shows the relationship between the cost (  ), GHG emissions (  ) and the regional 
hay and pasture land ratio (R) in the feedstock supply chain. Given the demand of feedstock from 
the biorefinery ( ), when R increases, more hay and pasture land is converted, and the total 
feedstock cost is then lowered. This is driven by the lower opportunity cost of switchgrass 
production from converting the less profitable hay and pasture land. Thus, on the surface of the 
feedstock cost and the hay and pasture land ratio (  - ) in Fig. 1, a negative relationship is 
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presented (i.e. 
   
  
  ). When the hay and pasture land ratio increases from R1 to R2 and R3, 
the corresponding total feedstock cost reduces from c1 to c2 and eventually c3 (see 
points                  in the   −R surface, Fig. 1).  
 In contrast, with increasing R and the conversion of more hay and pasture land, the GHG 
emissions of the feedstock supply chain decreases since less carbon is sequestrated by 
switchgrass. As a result, a positive relationship is presented (
   
  
  ) on the surface of the GHG 
emissions and the hay and pasture ratio surface (  - ) (Fig. 1). When the hay and pasture ratio 
increases from R1 to R2 and R3, more GHG emissions increase from e1 to e2 and e3 (see points 
               in the   −R surface, Fig. 1). 
 As in Fig. 1, by changing the hay and pasture ratio from R1 to R2 and R3, the 
corresponding cost and GHG emissions can be determined in the   -  surface (presented by 
points                 )  and   -  surface (presented by points   
            ), respectively. As a 
result, a series of points can also be generated in the surface of the feedstock cost and GHG 
emissions (  -  ), i.e., points A, O, and B. From point A to O and B, the feedstock cost 
increases from c3 to c2 and c1, while the GHG emissions decreases from e3 to e2 and e1. This 
indicates a tradeoff relationship between cost and GHG emissions in the feedstock supply chain 
(
   
   
  ). 
While the demand of feedstock from the biorefinery (X) is pre-determined, the tradeoff 
relationship between cost and GHG emissions from the feedstock supply chain results from the 
change of regional hay and pasture land ratio, R. As shown in equation (10), any given level of R 
represents specific combinations of crop zones with associated   ,   , and   . To achieve higher 
economic performance in the feedstock supply chain, the crop zones with more hay and pasture 
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land (e.g. east and middle Tennessee), higher switchgrass yield, and biorefinery proximity are 
preferred. On the other hand, crop zones with more traditional crop land (e.g. west Tennessee), 
higher switchgrass yield, and biorefinery proximity are chosen to mitigate GHG emissions in the 
feedstock supply chain. A balance of both objectives in the feedstock supply chain can be 
optimized through management of the tradeoff relationship (see Fig. 1) via the selection of crop 
zones. 
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Chapter 4 Methods and Data 
4.1  The Case 
The location of the biorefinery, a 50 million gallon facility, was assumed to be in 
Tennessee using technology that would convert a ton of switchgrass into 76 gallons of biofuel 
(Wang et al., 1999). Given the conversion rate, the monthly feedstock demand from the 
biorefinery required about 55 thousand tons of switchgrass. Switchgrass was assumed to be 
harvested annually from November to February under the available working hours in each month 
that were determined based on historical weather records. Switchgrass was assumed to be 
harvested, packaged in large 4 4 8 foot rectangular (square) bales and stored at the edge of the 
field (Mooney et al., 2012). Semi-truck trailers were used for switchgrass transportation from 
field to the biorefinery. The maximum distance from field to biorefinery plant was set to 75 
miles to reduce solution time. A fixed DML rate (2%) was considered during switchgrass 
transportation (Kumar and Sokhansanj, 2007). The summary of the assumptions is given in 
Table 1. 
4.2  Analytical Procedures 
In this study, an augmented ε-constraint method was used to derive the tradeoff 
relationship between the two objectives considered, i.e., cost and GHG emissions. With the 
augmented ε-constraint method, one objective was optimized using the other objective as 
constraint (Mavrotas, 2009). According to Mavrotas (2009), solutions generated from the 
augmented ε-constraint method determined the tradeoffs of the two objectives considered, 
revealing how the performance of one objective changes with different performances of the other 
objective. In this study, the feedstock supply chain cost was minimized while a certain GHG 
emission level needed to be satisfied (as in equations (15)-(16)). 
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min.        
 
 
  (15) 
s.t.        (16) 
where    is the cost ($),   is a small number (in this study   was set to be   
  ), s is the non-
negative slack variable,  r is the range of the GHG emissions objective,    represents GHG 
emissions (CO2e kg), and   is the constraint applied to the emission target from    to    (  
          CO2e kg). The slack variable is added in the objective function (16) with lower priority to 
assure that the program would choose the most efficient when several solutions have the same 
level of cost with differing GHG emissions (even if they were all lower than  ).  
Fig. 2 shows how the single-location tradeoff curve for biorefinery A with a given 
capacity (50 million gallons per year in this study) was generated by applying a series of GHG 
emission constraints from    to   . Take point A
D
 in Fig. 2 as an example, by applying a specific 
GHG emission constraint    between    and   , the economic cost    is determined with cost 
minimization, which gives one solution point for the ε-constraint method, i.e. AD with (     ). A 
prerequisite of using the ε-constraint method is to determine the range of the emission 
constraints, i.e.        , imposed on the GHG emission objective. To determine the minimum 
value   , a single-objective optimization to minimize GHG emissions is conducted as showed in 
equations (17)-(18). 
min.    (17) 
s.t.      (18) 
The associated cost under the GHG emissions minimization is then post-calculated. This 
solution for cost and GHG emissions is depicted as point A
E
. Since there is a tradeoff 
relationship between the two objectives, GHG emissions from the switchgrass supply chain 
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increase with the reduction in cost. The maximum value    can be determined with a single-
objective optimization to minimize the cost as showed in equations (19)-(20). 
min.    (19) 
s.t.     (20) 
Similarly, the determination of associated GHG emissions,   , is also an ex-post estimate. Point 
A
C 
in Fig. 2 represents such solution for cost and GHG emissions.  
In practice, given a location for the potential biorefinery, optimization described in 
equations (17)-(18) is conducted to generate its minimal GHG emissions (  ). Similarly, 
optimization described in equations (19)-(20) is conducted to generate its maximal GHG 
emissions (  ). The (n+1) emission constraints from    to    break down the range of [  ,   ] 
into n equidistant parts. The ε-constraint method described in equations (15)-(16) is then 
conducted applying a series of emissions constraints from    to    to generate the solutions 
points to generate the single-location tradeoff curve for the biorefinery A (Fig. 2). 
On the tradeoff curve in Fig. 2, the relative changes of cost and GHG emissions show the 
imputed cost of reducing GHG emissions. For example, from solution point A
C
 to A
D
, the 
imputed cost to reduce (  -  ) CO2e Mg of GHG emissions is $(  -  ), i.e. 
     
     
 ($/CO2e Mg), 
which is the absolute value of the slope of A
D
A
C
. Similarly, the imputed cost of reducing GHG 
emissions from A
D
 to A
E
 is  
     
     
 ($/CO2e Mg). The imputed cost for GHG emission reduction 
changes along the tradeoff curve as the slope differs. As in Fig. 2, the absolute value of the slope 
of (A
D
, A
C
) is less than the one with (A
E
,
 
A
D
), indicating that the imputed cost to reduce one unit 
of GHG emissions is higher when the solution point is between (A
E
,
 
A
D
) rather than (A
D
, A
C
). 
Considerable GHG emissions could be reduced when increasing the cost between (A
D
, A
C
); 
however the cost for GHG emissions reduction in the range of (A
E
,
 
A
D
) is much higher. 
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Since there are many eligible biorefinery locations in the study area (defined as the 
biorefinery candidates), multiple single-location tradeoff curves are generated and used to 
determine the regional tradeoff curve as shown in Fig. 3. Each dashed line represents a single-
location tradeoff curve of a particular biorefinery candidate. For example, the green dashed line, 
blue dashed line, and purple dashed line represent the tradeoff curves for potential biorefinery 
locations A, B, and O, respectively. The red solid line represents the envelope of all the single-
location tradeoff curves and is defined as the regional tradeoff curve. Every point on the regional 
tradeoff curve is not outperformed by any other points considering both cost and GHG 
emissions. The points above the curve are suboptimal solutions whose cost and GHG emissions 
could be reduced by the selection of different crop zones.  
Among the four biorefineries included in Fig. 3, the biorefinery A has the minimal cost 
while biorefinery B has the minimal GHG emissions. Thus, the tradeoff curve for biorefinery 
candidate A shares the same point (A
C
) at the cost minimal end of the regional tradeoff curve. 
Similarly, the biorefinery candidate B shares the same point (B
E
) at the GHG emission minimal 
end of the regional tradeoff curve. Thus, the biorefinery candidate with the minimal potential 
cost (e.g. biorefinery A in Fig. 3) is defined as the regional cost-minimal biorefinery candidate. 
The biorefinery with the minimal potential GHG emissions (e.g. biorefinery B in Fig. 3) is 
defined as the regional GHG emission-minimal biorefinery candidate. Point A
C 
represents the 
solution point through the optimization process in equations (20)-(21) for the regional cost-
minimal biorefinery candidate A. Similarly, point B
E
 represents the solution point from 
equations (18)-(19) for the regional GHG emission-minimal biorefinery candidate B. 
The solution point A
C
 has the minimal potential cost achieved in the study area and the 
associated GHG emissions. Along with the regional tradeoff curve, an alternative solution point 
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(the point O
I
 in Fig. 3) is determined by allowing 10% increases in the cost at solution point A
C
. 
Point O
I
 is defined as an alternative optimal solution point and the associated biorefinery O is 
defined as the regional alternative optimal biorefinery candidate. The differences in GHG 
emissions between points A
C
 and point O
I
 show the reduction in GHG emissions by increasing 
10% in the cost of LCB feedstock supply chain compared with the regional cost-minimal point 
A
C
. A similar concept of the imputed cost to reduce GHG emissions introduced in Fig. 2 exists in 
the regional tradeoff curve as well. For example, the imputed cost of moving from point A
C
 to O
I
 
is 
         
     
 ($/CO2e Mg). 
A multi-objective model is developed to evaluate the potential tradeoff between the two 
objectives, i.e. cost minimization and GHG emissions minimization. The components used to 
calculate the economic cost and GHG emissions are summarized in Table 2. Through optimizing 
the dual objectives, the model determines the following variables: 
1. Location of the biorefinery and associated feedstock supply region, 
2. Amount of land converted from different types of previous crop, and 
3. Input use including energy consumption, fertilizer herbicide, seed and farm 
machinery usage. 
4.3  Structure of Cost (CF) 
The cost of switchgrass at the biorefinery gate can be described using. 
                                                               (21) 
where    is the total economic cost ($) of the switchgrass supply chain, and             , 
           ,         ,         , and                 are opportunity costs from land conversion, 
production cost, harvest cost, storage cost and transportation cost of switchgrass, respectively. 
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The breakeven price (      ) is the minimal payment to farmers to convert a crop into 
switchgrass production (James et al., 2010). It is categorized into three components: the 
opportunity cost of land use change, the production cost of switchgrass, and the harvest cost of 
switchgrass. The opportunity cost (            ) for switchgrass production equals the profit of 
previous crop type as presented in equation (22). If cropland revenue is less than the county-level 
land rent, the land rent for crop and pasture is used instead. 
              {
∑  
                      
      
                                               
    ∑   
     
      
                                                       
 (22) 
The definition of the parameters and variables used in equation (22) and following equations are 
included in Table 3.  The production cost for switchgrass production (           ) in equation 
(23) include the establishment cost of the first year as well as an annual maintenance cost.  
            ∑   
      
      
                (23) 
The labor, fuel, and machinery costs for switchgrass harvest are taken into account in 
harvest cost (         ). Harvest technologies such as bale type influenced the cost since different 
machineries with different fuel consumption rates were used (equation (24)). 
         ∑   
       
      
                 (24) 
Combining the cost components in equations (22)-(24), the breakeven-price of switchgrass is 
expressed in equation (25): 
      {
                                     
      
                                     
     
                    
      
                                                          
 (25) 
Storage cost for switchgrass (    ) entails the cost of materials usage and the cost from 
equipment and labor completing storage operations such as bale stack and tarp. Semi-trailer 
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trucks comprise switchgrass transportation. The sources for switchgrass transportation cost (   ) 
include labor, energy consumption, and machinery maintenance during switchgrass 
loading/unloading and transportation. They are determined by the time consumed during each 
process. Loading/unloading time for square bale is adopted from the study of Duffy (2007), and 
it is assumed a the round bale consumed 10% more time than a square bale. Distance and speed 
determine the time consumption during transportation. The calculation of the storage cost and 
transportation cost are presented in equations (26) and (27), respectively. 
         ∑                    (26) 
                ∑     
∑         ∑              
        
  (27) 
4.4  Structure of GHG Emissions (EF) 
The sources of GHG emissions of the switchgrass supply chain are land use change 
(    ), energy consumption from switchgrass production, storage harvest (       ), 
transportation (               ), and the production of seed, fertilizer, herbicide and machinery 
(    ). Equations to calculate the GHG emissions from these sources are given in (28)-(32), and 
the definitions for parameters and subscripts are also in Table 3. The sources of GHG emission 
parameters in the equations (28)-(32) are introduced in section 5.4.3. 
                                      (28) 
     ∑ (    
   
      
   
 )              (29) 
        ∑              ∑                              (30) 
                ∑           
∑         ∑            
                  
     (31) 
     ∑                                ∑       
            (32) 
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 Two kinds of GHG emissions from land use change are estimated in equation (29), i.e., 
CO2 (        ) and N2O (    
   
 ). Both CO2 and N2O emissions from land use change 
depend on different among different types of land p converted into switchgrass production. In 
equation (30), the energy consumption from switchgrass production (    ), harvest (     ), 
and storage (     ) are considered. GHG emissions from energy consumption for production 
and harvest are based on per acre of switchgrass produced and GHG emissions from storage 
were based on per Mg of switchgrass stored. In equation (31), GHG emissions from switchgrass 
transportation are calculated with the emission factor (         ) specifying the route from the 
supply region to the biorefinery. Moreover, indirect sources of GHG emissions include the 
production of machinery, fertilizer, herbicide and seed (as depicted in equation (32)). 
4.5 Structure of Constraints 
Several constraints about feedstock availability and inventory flow need to be satisfied 
for the switchgrass supply chain. Switchgrass production is restricted by the available land and 
yield. Equation (33) limits the switchgrass land to be less than or equal to maximum amount 
potential land available.      (%) represents the percentage of land p that is allowed to be 
converted in to switchgrass production. Specifically, there is no limit on the percentage of 
cropland to be converted (i.e.            %), and it is assumed that the biorefinery could not 
convert more than 50% of available hay and pasture land (i.e.           ) to maintain the 
local cattle inventory.  Equation (34) limits the amount of switchgrass produced to be less than or 
equal to the maximum potential amount. The definition of the parameters and variables in all 
equations in this section are also listed in Table 3. 
∑                  ,      (33) 
             
         ,          (34) 
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Equations (35)-(38) are related to switchgrass harvest. Equation (35) indicates that no 
more switchgrass was harvested than produced. Equation (36) indicates that the amount of 
switchgrass harvested each month is constrained by the available working hours in each month 
(        ). Equation (37) limits the harvest season of switchgrass from November to February. 
Equation (38) calculates machinery usage during switchgrass harvest. 
       ∑          ,            (35) 
∑        
       
  
                                (36) 
         ,                       (37) 
      
           ∑       
                     (38) 
Equation (39) shows that the newly stored switchgrass in each month m equals the 
amount of switchgrass harvested deducting the amount of switchgrass delivered to the 
biorefinery directly. Equations (40) to (43) determine the accumulative switchgrass storage. 
During harvest season, accumulative switchgrass storage equals the amount stored in previous 
month plus the newly stored amount as presented in equation (40). During off-harvest season, 
accumulative switchgrass storage equals the amount stored in the previous month minus the 
amount of switchgrass delivered to biorefinery in the current month, as presented in equation 
(41). Equation (42) indicates that there is no switchgrass carryover between crop years. Equation 
(43) indicates that the switchgrass delivered to biorefinery each month meets the demand. 
∑         
 
        
       
      
               &          (39) 
                                             ,                           
 (40) 
                                    
            
      
                        (41) 
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          ,       &             (42) 
  ∑         ∑                               (43) 
4.6 Data 
4.6.1 GIS Data 
The detailed GIS data used in this study was obtained from a GIS model, the Biofuel 
Facility Location Analysis Modeling Endeavor (BioFLAME) (Wilson, 2009). More than 230 
industrial parks in Tennessee were considered as potential candidates for biorefinery location in 
Tennessee based on the Tennessee Valley Authority. All of the industrial parks selected had 
sufficient access to water, power, and roads, as well as sufficient storage space. To determine the 
potential feedstock supply region, all the traditional cropland, e.g. corn, wheat, soybean, 
sorghum, cotton and hay, in Tennessee and within 50 miles of the state border was considered. 
Public land such as national parks was excluded from the study. All the potential land was 
decomposed into five square-mile hexagons (defined as crop zones) (Fig. 4). Additionally, a 
street level network was applied to generate the most accessible routes from each supply crop 
zone to the potential biorefinery with the following hierarchy: 1) primary/major roads, 2) 
secondary roads, 3) local and rural roads, and 4) other roads. 
4.6.2 Data for Cost Estimation 
 To estimate the total cost the switchgrass supply chain, information about the opportunity 
cost from traditional crop cultivation and the cost from switchgrass production, harvest, storage 
and transportation needed to be gathered. The traditional crop yield was obtained from the 
SSURGO Database at the sub-county level (USDA, 2012). Acres in each crop zone for each crop 
type were derived from the Cropland Layer Database (USDA National Agricultural Statistics 
Service, 2011). The price of the traditional crops was the three-year average price i.e., 2010-12, 
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obtained from the National Agricultural Statistics Service, USDA (2013a).  The production cost 
for traditional crops was from the Agricultural Policy Analysis Center’s Agricultural Budgeting 
System.  
Potential switchgrass yield was obtained from the Oak Ridge Energy Crop County Level 
Database (Graham, et al. 1996b) (see Fig. 5). The production and harvest costs for switchgrass 
were taken from Larson, et al. (2010), and the budgets were developed by the University of 
Tennessee Department of Agricultural and Resource Economics (Gerloff, 2008). 
For switchgrass establishment, two burndowns were conducted in the August of the 
previous year as well as in the early May for weed control. Fertilizer application and post 
establishment spray were also conducted afterwards (Switchgrass Budget, UT Extension). The 
energy, labor and maintenance costs for operating equipment and capital costs were considered 
based on the estimated cost factors compatible with the American Agricultural Economics 
Association Cost and Return Handbook (AAEA, 2010) and American Society of Agricultural 
Engineers Standards (ASAE, 2006). After amortization to each year, the cost parameter of 
establishment was $61.05 per acre. Annual maintenance of switchgrass (AM), including the 
application of fertilizer as well as herbicide, was $46.83 per acre.  
Semi-trailer trucks were used for switchgrass transportation, and the assumed utilization 
was 16.01 Mg/load for square bales and 13.18 Mg/load for round bales (Wang et al. 2009). Main 
sources for switchgrass transportation cost were labor, energy consumption, and machinery 
maintenance during switchgrass loading/unloading and transportation as determined by the time 
consumed during each process. The loading/unloading time for square bales was adopted from 
the study of Duffy (2007) and it was assumed that the round bale consumed 10% more time than 
the square bale. The distance and speed determined time consumption during transportation. As 
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discussed in 4.2, both the distance and average transportation speed were generated based on the 
most accessible route from a street level network. 
4.6.3 Data for GHG Emission Estimation 
To estimate the GHG emissions from the switchgrass supply chain, emission information 
for all the supply chain procedures needed to be gathered. The DAYCENT model, a daily time-
step version of the CENTURY (Parton et al. 1994) biogeochemical model was adopted to 
simulate the soil CO2 and N2O emission factors due to the conversion of different types of land 
into switchgrass production. Factors such as soil property, crop type, and weather were included 
in the DAYCENT model (Schimel et al., 2001). Especially, the DAYCENT model has been 
found to be adequate for predicting the relative differences with changes in parameters 
(Chamberlain et al., 2011), making it useful for comparing different land use conversions. 
To apply the DAYCENT model, weather and soil data in Tennessee were needed. The 
annual weather data for Tennessee was acquired from the DAYMET
1
 model maintained by the 
Oak Ridge National Laboratory. The soil property data used in the DAYCENT were from U.S. 
Geological Survey.
2
 Based on the soil property data which showed the clay, sand and silt 
percentage, the soil type was determined by the Soil Texture Triangle Hydraulic Properties 
Calculator (Saxton et al., 1986).  
To calculate the difference in the soil carbon change by land use change, two cases were 
simulated and each of them had a time period of 60 years in the DAYCENT. In case 1, each of 
the major crops in Tennessee was planted and harvested for 60 years. In case 2, the same crop 
was planted and harvested for 30 years, and then this land was converted to produce switchgrass 
for the following 30 years. The DAYCENT was used to simulate the soil carbon content at the 
                                                          
1
 DAYMET model is available at: http://daymet.ornl.gov/custom_home 
2
 The soil property data is available at : http://water.usgs.gov/GIS/metadata/usgswrd/XML/statsoil.xml 
32 
 
end of the period for each case. The difference in the soil carbon contents between these two 
cases was the soil CO2 emissions/reduction due to changes in land use. Moreover, the 
DAYCENT also simulated the annual N2O emissions from the switchgrass land.   
The emission factors for soil CO2 and N2O emissions from the land conversion of crops 
in to switchgrass production are summarized in Fig. 6, which illustrates that the conversion of 
different crops into switchgrass led to different carbon change rates as well as N2O emission 
rates. The conversion from conventional crops (such as corn, cotton, and soybean) to switchgrass 
led to net carbon sequestration since switchgrass is a perennial grass with a high carbon 
sequestration rate. However, the conversion from hay or pasture into switchgrass led to net 
carbon emission since hay is also perennial and sequestrated more carbon than switchgrass. 
The Greenhouse Gases, Regulated Emissions, and Energy Use in Transportation 
(GREET) Model (Wang, 2010), which was developed and is maintained by the Argonne 
National Laboratory, provided the emission factors for all the three GHG emissions from 
machinery combustion during LCB harvest. According to the GREET model, one gallon of 
diesel consumed by the farming tractor led to 77,411 grams CO2, 0.99 grams of N2O and 0.63 
grams of CH4 emissions. 
According to the switchgrass budget from UT Extension, all the farming equipment such 
as mowers, loaders, balers and rakes worked together with a tractor, making tractor the only 
source of energy consumption. The diesel consumption was calculated from the time used during 
each operation (hours/acre) times the fuel use (gallon/hour) of the tractor. Operations for square 
bale system used 19.78 gallon per acre for the whole supply chain, while operations for round 
bale system consumed 25.34 gallon per acre. Switchgrass harvest caused 405 CO2e kg per acre 
annually using square bale technology and 519 CO2e kg per acre annually for round bale system. 
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GHG emissions from energy consumption during switchgrass production and storage were less: 
about 33 CO2e kg and 2 CO2e kg GHG were emitted from production and storage, respectively. 
GHG emissions from switchgrass transportation also resulted from semi-truck diesel 
consumption. In addition to travel distance, a typical factor used to estimate transportation 
emission, more factors needed to be considered. For example, emissions from truck emissions 
vary given different seasons, speeds, and the slopes of road. In order to take all these factors into 
consideration, the Motor Vehicle Emissions Simulator (MOVES) was used to estimate the truck 
emissions of switchgrass from field to biorefinery plant gate. Developed by Office of 
Transportation and Air Quality (OTAQ) of EPA, MOVES was used in different regions and 
levels to consider factors such as travel speed, season, road slope, etc. The version used in this 
study was MOVES2010a
3
. Applying the MOVES model, the GHG emissions for each optimal 
route linking between supply crop zones and potential biorefinery sites were calculated. 
Indirect emissions refer to GHG emitted during the production of agricultural machinery, 
fertilizer, herbicide, and seed. The machinery used during switchgrass production and harvest 
include tractors, mowers, balers, loaders, and rakes. Energy, steel, and tire consumption during 
machine production lead to GHG emissions. Emission factors for steel and tire were also adopted 
from GREET model (Wang, 2010). The weight of different machinery was based on the 
“Official Guide: Tractor and Farm Equipment” (Spring 2010) and machinery manufacturer 
websites such as John Deere
4
. Fertilizer production emission factors were also adopted from the 
GREET model, while the application rate was adopted from Switchgrass Budget database 
(Gerloff, 2008). According to the Switchgrass Budget database, three kinds of herbicide were 
used for switchgrass: Roundup, Cimarron, and grass herbicide. The production GHG emissions 
                                                          
3
 MOVES2010a is available at: http://www.epa.gov/otaq/models/moves/. 
4
 Website for John Deere: http://www.deere.com/wps/dcom/en_US/regional_home.page 
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for these three herbicides were based on the work of Nelson et al. (2009). Emission parameters 
for switchgrass seed production were adopted from Wilson et al. (2011). The summary of the 
emission factors is presented in Table 4. 
4.7 Sensitivity Analysis 
Two scenarios were conducted to evaluate the impacts of different GHG emissions 
parameters on the initial optimization output (referred to as the baseline). The first scenario 
assessed the GHG emissions from DML decomposition, while the second scenario considered 
the alternative option when relocating the cattle from the hay and pasture land converted to 
switchgrass production. A comparison between the baseline and the two sensitivity analyses are 
listed in Table 1. 
4.7.1 Scenario 1: Emission from DML 
The study of Emery and Mosier (2012) indicated that DML during storage and 
transportation led to not only more switchgrass production and related GHG emissions but also 
to direct GHG emissions from the DML decomposition. According to Mann and Spath (2001), 
the DML occurred through anaerobic as well as aerobic decomposition, causing both CO2 and 
CH4 emissions. Qin et al. (2006) followed their method and concluded that the decomposition of 
one Mg of switchgrass led to 1,278 kg of CO2 and 62 kg of CH4. Considering global warming 
potential, one Mg of DML led to 2,820 CO2e kg of GHG emissions. 
In the baseline, the GHG emissions from producing additional switchgrass due to DML 
were included; however, the GHG emissions from DML decomposition were not considered. In 
the sensitivity analysis, an additional component was added in the GHG emission objective 
function (equation (28)) to consider the GHG emissions from DML decomposition. This part of 
GHG emissions is represented in equation (42): 
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      ∑                                     (44) 
As defined in Table 3, the lossE is an emission factor (CO2e kg/Mg) for GHG emissions 
from DML decomposition. Since the harvest and storage technologies have a significant impact 
on the DML rate, three potential harvest and storage technologies were examined in this 
scenario. The first analyzed technology was the square bale with tarp and pallet, which was the 
technology adopted in the baseline. The second evaluated technology was the round bale without 
tarp or pallet. Since the DML rate was lower with the round bale (Mooney et al., 2012), the 
output showed how the DML rate affected the GHG emission level of the switchgrass supply 
chain. Finally, the third analyzed technology was assumed to be an improved square bale that 
ultimately controlled the storage DML (i.e. DML during storage was reduced to zero).  
4.7.2 Scenario 2: Emission from Cattle Removal 
If hay or pasture land was converted into switchgrass for biofuel, the cattle on the hay 
and pasture land were also relocated. In the baseline, it was assumed that the reduction in hay 
and pasture led to increased density of cattle on the remaining hay and pasture land in the study 
area and the total inventory of cattle remained unchanged. However, in scenario 2, the cattle 
inventory was considered to be migrated to other areas and consequent GHG emission change 
were then analyzed.  
According to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories, the 
CH4 emission from dairy cattle including both enteric fermentation and manure management was 
186 kg CH4 per head per year while the emission factor for beef cattle was 54 kg CH4 per head 
per year (IPCC, 2006). In this scenario, the GHG emissions from cattle migrating to other areas 
were also considered in the GHG emission objective function. The new equations (45)-(46) were 
used instead of the previous equation (29). 
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 )                      (46) 
where         is the change of GHG emissions due to the relocation of cattle and    is the density 
of cattle (head/acre) for each county in the study area (Fig. 7). The definitions of the parameters 
are presented in Table 3.   
Two cases of cattle inventory migration were analyzed in this scenario. In the first case, 
50% of the cattle inventory in the feedstock supply region were moved out of the study area, 
which implies that all cattle on the maximum allowable hay and pasture land (i.e.        
   ) in the feedstock supply region in baseline were gone. Thus, the reductions in GHG 
emissions of all cattle on the pasture and hay land converting for switchgrass production in 
baseline were considered in the total GHG emissions estimation. In the second case, it was 
assumed that 25% of the cattle inventories were migrated. As a result, the reduction in the GHG 
emissions produced from half of the cattle population in the feedstock supply region were 
considered in the total GHG emissions estimation by setting           .  
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Chapter 5 Results and Discussion 
5.1 Output for Baseline 
The cost and GHG emission output of the regional cost-minimal solution point (A0
C
), 
regional GHG emission-minimal solution point (B0
E
), and the regional alternative optimal 
solution point (O0
I
) in Fig. 3 are summarized in Table 5. At the regional cost-minimal solution 
point A0
C
, the total cost of the switchgrass supply chain was nearly $46 million and the total 
GHG emissions were higher than 81,000 CO2e Mg (see Table 5). Among the different sources 
for cost, switchgrass harvest was dominant, accounting for nearly 50% of the total cost. 
Switchgrass transportation and production made up 23% and 19% of the total cost, respectively. 
The opportunity cost and storage cost together contributed the remaining 10% of the total cost. 
Energy consumption, including switchgrass production, harvest and storage, was the major GHG 
emission source, contributing 45% of total GHG emissions. Emissions from transportation and 
indirect emission from the production of machinery and material accounted for 5% and 19% of 
the total emissions, respectively. GHG emissions from changes in land use, including the CO2 
and N2O emissions from soil, contributed 31% of the total emissions (see Table 5). The 
biorefinery with the regional cost-minimal solution, A0 (i.e. the regional cost-minimal 
biorefinery candidate) was located in Rutherford County, south of Nashville (see Fig. 8). The 
total acreage of switchgrass was 79,816 acres, extending to 406 crop zones and producing about 
727,366 Mg of switchgrass in total. Nearly 98% of land was converted from hay and pasture, 
while only 2% of land was converted from cotton, soybean and wheat, with no land from corn 
converted (see Table 5). 
At the regional GHG emission-minimal solution point B0
E
, the total cost of the 
switchgrass supply chain was $85 million, about 1.8 times higher compared with the regional 
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cost-minimal solution point A0
C
. The total GHG emissions for B0
E
 were about 29,000 CO2e Mg, 
which was 36% of GHG emissions from the regional cost-minimal point A0
E
. Among the 
different sources of cost, opportunity cost contributed to nearly 50% of the total cost, followed 
by switchgrass harvest, which accounted for 26%. Both switchgrass transportation and 
production made up to 10% of the total cost, and storage made up to the remaining 4%. Energy 
consumption was the major source of GHG emission, producing more than 37,000 CO2e Mg 
GHG. Together with switchgrass transportation and other indirect sources, the total GHG 
emissions reached 55,000 (37,115+1,757+16,037) CO2e Mg. However, with solution point B0
E
 
land use change became a source of GHG emission sequestration. Land use change reduced 
about 26,000 Mg of CO2 (see Table 5). The regional GHG emission-minimal biorefinery 
candidate B0 was located in Obion County in northwest Tennessee (see Fig. 8). More than 
80,000 acres of land were converted from 133 crop zones, and all the land was converted from 
traditional cropland, i.e. corn, cotton, and wheat (see Table 5). 
At the regional alternative optimal solution point O0
I
, the cost was about $51 million, 
10% higher than the solution point A0
C
, while the GHG emissions were about 35,000 CO2e Mg. 
Harvest was still dominant, accounting for 45% of the total cost. Cost from production and 
transportation made up 18% and 17% of the total cost, respectively. The opportunity cost from 
land conversion was around $7.3 million, about 14% of the total cost. Storage accounted for 5% 
of the total cost. Energy consumption remained the major source of GHG emissions, producing 
nearly 38,000 CO2e Mg GHG. Together with switchgrass transportation and other indirect 
sources, the total GHG emissions reached 56,000 (37,986+1,989+16,356) CO2e Mg GHG. GHG 
emission reduction from land use change was about 21,000 CO2e Mg.  The location for the 
regional alternative optimal biorefinery candidate O0 was in Haywood County in southwest 
39 
 
Tennessee (see Fig. 8). More than 82,000 acres of land were converted form 176 crop zones. 
About 7% of the land was converted from hay and pasture while the remaining land was 
converted from traditional crop land. 
All the solution points, including the three discussed above (i.e. A0
C
, B0
E
, and O0
I
), are 
shown in Fig. 9. For each potential biorefinery candidates, four solution points were generated. 
Taking biorefinery candidate A0 as an example: A0
C
 represents the solution point with the 
optimization described in equations (19)-(20), and A0
E
 represents the solution point with the 
optimization described in equations (17)-(18). Two other solution points (as depicted as the red 
dots in Fig. 8) were also generated with the ε-constraint method described in equations (15)-(16). 
Since there were 233 biorefinery candidates in the study area, Fig. 9 contains 932 (4 233) 
solution points. 
Given all solution points shown in Fig. 9, the regional tradeoff curve for the baseline is 
presented as a solid blue curve in Fig. 10. The two dashed lines in Fig. 10 represent for the 
single-location tradeoff curves for the regional cost-minimal and regional GHG emission-
minimal biorefinery candidates. As expected, the two single-location tradeoff curves were in the 
sub-optimal zone of the regional tradeoff curve. The right side of the regional tradeoff curve was 
flat, indicating the potential to reduce GHG emissions in the switchgrass supply chain by 
sacrificing relatively minor  cost, i.e., the imputed cost for reducing GHG emissions was small. 
For example, from the regional cost-minimal solution point A0
C
 to the alternative optimal 
solution point O0
I
, the cost of reducing 46,000 CO2e Mg GHG emissions was $4.6 million, 
which was about $0.10/CO2e kg. The left side of the tradeoff curve was relatively steep, 
indicating that the imputed cost for reducing GHG emissions was higher. For example, from the 
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regional GHG emission-minimal solution point B0
E
 to the alternative optimal solution point O0
I
, 
the cost of reducing 5,686 CO2e Mg was $35 million, which was about $6.11/CO2e kg. 
The tradeoff relationship between cost and GHG emissions primarily resulted from the 
type of land conversion into switchgrass production. Fig. 11 showed the regional hay and pasture 
land ratio (R) and its influence on cost and GHG emissions for the three biorefinery candidates 
of the baseline.   for solution points B0
E
, O0
I
, and A0
C
 was 0%, 7.4% and 98% respectively. The 
increase of the hay and pasture land ratio had a positive impact on the economic performance of 
the switchgrass supply chain; however, it resulted in more GHG emissions.  
 The type of land conversion affected the tradeoffs between cost and GHG emissions in 
two steps: First, different types of land conversion influenced opportunity cost as well as GHG 
emissions from soil. Cropland and hay and pasture land had different profitability and carbon 
sequestration rates. Cropland such as corn, soybeans and wheat had higher profit compared with 
hay and pasture land, making the conversion of traditional land more expensive in terms of 
opportunity cost than hay and pasture land. Therefore, the opportunity cost for the solution points 
of B0
E
, O0
I
, and A0
C
 were $42.4 million, $7.3 million, and $1.6 million, respectively, when more 
hay and pasture land was converted (see Fig. 11 and Table 5). Also, different crops had different 
carbon sequestration rates. Hay and pasture had a higher carbon sequestration rate than 
switchgrass, making conversion to switchgrass production a net source of GHG emissions. 
Conversion of cropland had a lower carbon sequestration rate than switchgrass, making such 
changes in land use a net source of carbon sequestration. Thus, under cost minimization, more 
hay and pasture land would be converted but cropland would be converted when minimizing 
GHG emissions. The GHG emissions from land use change led to -25 million, -21 million, and 
25 million CO2e kg GHG emissions for solutions of B0
E
, O0
I
, and A0
C
, respectively, given the 
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increasing amount of hay and pasture land converted (see Fig. 11 and Table 5). As a result, land 
use change was the leading cause of variation in the total GHG emissions. 
Second, different types of land conversion affected the location of biorefinery and the 
density of the feedstock supply region since the availability of different land types and the 
switchgrass yield varied among different regions. As shown in Fig. 5, cropland in middle 
Tennessee had the highest yield per acre of land converted. Besides, there was also a great 
amount of hay and pasture land available in the region. These two were the primary reasons for 
locating the regional cost-minimal biorefinery candidate A0 in Rutherford County, middle 
Tennessee. On the other hand, more cropland such as corn, cotton and wheat was available in the 
plain in west Tennessee. As a result, the regional GHG emission-minimal biorefinery candidate 
B0 was sited in Obion County, west Tennessee. The regional alternative optimal biorefinery 
candidate O0 was sited in Haywood County, west Tennessee since more than 90% of the supply 
region was also converted from cropland. The density of the supply region for the regional cost-
minimal biorefinery candidate A0 was lower than those associated with B0 and O0 since more 
crop zones were converted (Table 5 and Fig. 8). In middle Tennessee, the hay and pasture land 
was more scattered compared with the cropland in west Tennessee. As a result, the 
transportation-related cost and GHG emissions were also higher for biorefinery candidate A0 
compared with the biorefinery candidates B0 and C0 (see Table 5). 
 5.2 Output for Scenario 1: GHG Emissions from DML 
The effects of considering the DML emissions on the estimated cost and GHG emissions 
from the switchgrass supply chain are presented in Tables 6-8. Table 6 summarizes the cost and 
GHG emissions output of the regional cost-minimal solution point (A1
C
), regional GHG 
emission-minimal solution point (B1
E
), and the alternative optimal solution point (O1
I
) with 
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square bale system (Scenario 1-a). Tables 7 and 8 summarize the cost and GHG emissions for 
the three selected solution points, i.e., A2
C
, B2
E
, and O2
I
 for round bales (Scenario 1-b) and A3
C
, 
B3
E
, and O3
I
 with the square bale system, and no DML during storage (Scenario 1-c). 
The different cost components for solution points A1
C
, B1
E
, and O1
I
 in Scenario 1-a (see 
Table 6) remained the same compared with the three solution points A0
C
, B0
E
, and O0
I
 in the 
baseline (see Table 5), respectively. The GHG emissions from the three solution points, on the 
other hand, were much higher compared with the baseline. GHG emissions from the DML were 
the key difference. Cost for A2
C
, B2
E
, and O2
I
 from Scenario 1-b presented in Table 7 was higher 
than A0
C
, B0
E
, and C0
I
 in the baseline. Though there was no storage cost for the round bale 
system in Scenario 1-b, the increasing harvest and transportation cost of switchgrass generated 
more total cost. The GHG emissions from Scenario 1-b were much higher compared with the 
baseline but lower than GHG emissions from Scenario 1-c. With square bales and no DML 
during storage, the cost for Scenario 1-c was the lowest among the baseline and Scenarios 1-a, 1-
b, and 1-c. While its GHG emissions were still higher than baseline after considering the 
decomposition of DML from transportation, Scenario 1-c remained lower than both Scenarios 1-
a and 1-b. 
Fig. 12-14 shows the associated locations and feedstock supply regions for Scenarios 1-a, 
1-b and 1-c, respectively. The regional cost-minimal and regional GHG emission-minimal 
biorefinery candidates for the three harvest and storage technologies (Fig. 12-14) were found to 
remain at the same location as in the baseline (Fig. 8). The locations for the alternative optimal 
biorefinery candidates were the same for the square bale system and square bale with no DML 
during storage when compared with the baseline. However, the alternative optimal biorefinery 
candidate for the round bale system, O2, was in Tipton County, west Tennessee (Fig. 13), which 
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was also close to the location of the alternative optimal biorefinery candidate O0 in baseline (Fig. 
9).  
The influence of DML decomposition on the cost and GHG emissions of the switchgrass 
supply chain can be analyzed from three perspectives: First, when the harvest and storage 
technology remains the same, i.e. the baseline and Scenario 1-a, the GHG emissions of the 
switchgrass supply chain increase significantly due to the consideration of GHG emissions from 
DML decomposition. However, the slopes of the regional tradeoff curves of the baseline and 
Scenario 1-a (see Fig. 15) were identical, indicating that the consideration of GHG emissions 
from the DML decomposition would not alter the tradeoff relationship between cost and GHG 
emission objectives given fixed harvest and storage technology. In fact, the GHG emissions from 
DML decomposition were constantly a value of 195,692 CO2e Mg. 
Second, when the harvest and storage technology changed, (e.g. from the baseline to 
Scenario 1-b and from the baseline to Scenario 1-c), both cost and GHG emissions from the 
switchgrass supply chain altered. With the round bale system (Scenario 1-b), the DML rate 
during switchgrass storage was lower than with the square bale system, leading to less DML 
decomposition and associated GHG emissions. On the other hand, the round bale system was 
more expensive for harvest and transportation. As a result, the cost for Scenario 1-b was higher 
than the baseline.  
With the square bale system and no DML during storage (Scenario 1-c), the GHG 
emissions from DML during storage could be mitigated and less switchgrass needed to be 
produced. As a result, cost and GHG emissions from the feedstock supply chain were reduced. 
Fig. 16 shows that the GHG emissions from DML decomposition were positively related to the 
DML rate among different harvest and storage technologies. Since GHG emissions from DML 
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decomposition were neglected in the baseline when estimating the GHG emissions of the 
switchgrass supply chain, the associated value for the baseline is zero in Fig. 16. The total DML 
rate for Scenarios 1-a, 1-b, and 1-c were 10%, 7%, and 2%, respectively. The respective GHG 
emissions from these three were 195,692 CO2e Mg, 144,538 CO2e Mg, and 37,821 CO2e Mg, 
respectively.  
Third, different harvest and storage technologies also affected the density of the 
feedstock supply region. Fig. 17 shows the number of crop zones providing switchgrass to the 
biorefinery under different harvest and storage technologies for the three selected biorefinery 
candidates. Taking the regional cost-minimal biorefinery candidate (A3) as examples, most crop 
zones were converted using the square bale system (the baseline and Scenario 1-a). The round 
bale system (Scenario 1-b) had less crop zones converted and the square bale system with no 
DML during storage (Scenario 1-c) had the least crop zones. The same pattern existed for the 
regional GHG emission-minimal biorefinery candidate (B3) and regional alternative optimal 
biorefinery candidate (O3).  
Despite both cost and GHG emissions from the switchgrass supply chain changing 
according to the different harvest and storage technologies adopted, the three harvest and storage 
technologies examined in the sensitivity analysis were found not to change the tradeoff 
relationship significantly since the slope of the tradeoff curves remained the same (Fig. 15). In 
summary, consideration of DML decomposition led to significant net GHG emissions. However, 
the GHG emissions from DML were determined by the harvest and storage technology and the 
related DML rate during storage. 
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5.3 Output for Scenario 2: GHG Emissions from Cattle 
The effects of considering emissions from cattle on the estimated cost and GHG 
emissions from the switchgrass supply chain are shown in Tables 9 and 10. Table 9 summarizes 
the cost and GHG emissions of the regional cost-minimal solution point (A4
C
), regional GHG 
emission-minimal solution point (B4
E
), and the regional alternative optimal solution point (O4
I
) 
when half of the cattle in the study area were migrated (i.e.,        equals 50%) in Scenario 2-a. 
Table 10 summarizes the three selected solution points, i.e., A5
C
, B5
E
, and O5
I
 in Scenario 2-b in 
which a quarter of the cattle were migrated (i.e.,        equals 25%). 
In Table 9, the total cost for the regional cost-minimal solution point A4
C
 in Scenario 2-a 
was the same as that of the baseline (A0
C
) since the cost objective remained the same and the cost 
of cattle relocation was not considered. The associated GHG emissions for A4
C
 were nearly -
80,000 CO2e Mg, which was a significant switch compared with the 82,000 CO2e Mg GHG 
emissions for A0
C
 in the baseline. Specifically, GHG emissions from cattle were -160,000 CO2e 
Mg for A4
C
. The regional GHG emission-minimal solution point (B4
E
) and the regional 
alternative optimal solution point (O4
I
) had much lower cost compared with the B0
E
 and O0
I
 in 
the baseline, respectively. The opportunity cost was attributed to the reduction in cost from the 
baseline to Scenario 2-a. Taking the regional GHG emission-minimal solution points in the 
baseline and Scenario 2-a (B0
E 
and B4
E
) as an example, the opportunity cost for B4
E
 was only $2 
million while the opportunity cost for B0
E
 was above $42 million. The GHG emissions in the 
feedstock supply region were sequestrated by 229,000 and 204,000 for the solution points B4
E
 
and O4
I
, respectively. 
When only a quarter of cattle were allowed to be migrated (          ) in Scenario 
2-b, the regional cost-minimal solution point (A5
C
) was $47 million, higher than the cost from 
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baseline (A0
C
). The GHG emissions for solution point A5
C
 were about -77,000 CO2e Mg (Table 
10). Costs for the regional GHG emission-minimal solution point (B5
E
) and alternative optimal 
solution point (O5
I
) were about $54 million and $50 million, respectively. GHG emissions for the 
regional GHG emission-minimal solution point (B5
E
) and alternative optimal solution point (O5
I
) 
were about -162,000 and -160,000 CO2e Mg, respectively. 
The locations for the regional cost-minimal biorefinery candidate, GHG emission-
minimal biorefinery candidate, and the alternative optimal biorefinery candidate were showed in 
Figs. 18-21. For both Scenario 2-a and 2-b, the regional cost-minimal biorefinery candidates 
remained in Rutherford County, middle Tennessee. However, the regional GHG emission-
minimal biorefinery candidates and regional alternative optimal biorefinery candidates shifted to 
Sullivan County, northeast Tennessee after considering the GHG emissions from cattle migration 
to other regions. 
Fig. 22(a) shows the GHG emissions from Scenarios 2-a, 2-b and the baseline for 
solution points of the three selected biorefinery candidates. By assuming the cattle were moved 
out of the supply region, significant GHG emission reductions were observed for all the three 
selected biorefinery candidates. The consideration of cattle relocation also changed the priority 
between hay and pasture land and traditional cropland. In the baseline, hay and pasture land was 
chosen over cropland when considering only its cheaper economic cost. Conversely, hay and 
pasture land was not preferred to cropland in light of GHG emissions since the conversion of 
cropland to switchgrass led to high carbon sequestration. In Scenario 2-a and 2-b, since the 
conversion of hay and pasture land into switchgrass benefited from the emission reduction due to 
cattle relocation, when considering only GHG emissions, the comparative advantage of hay and 
pasture was even greater than cropland. As in Fig. 22(b), the type of land conversion from hay 
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and pasture dominated in Scenarios 2-a and 2-b for all the three selected biorefinery candidates 
however such land use change only dominated the regional cost-minimal biorefinery candidate in 
baseline.  
The change of priority among different crop types influenced the cost and GHG 
emissions of the switchgrass supply chain by changing the location of the biorefinery, the type of 
land conversion, and the density of supply region. Specifically, considering cattle emissions, hay 
and pasture land with higher density of cattle (head/acre) would be preferable for minimizing 
GHG emissions. Fig. 7 shows the cattle density in the study area. Hay and pasture land in 
northeast Tennessee were shown to have a higher cattle density compared with west Tennessee, 
explaining why the regional GHG emission-minimal biorefinery candidate and alternative 
optimal biorefinery candidates lay in Sullivan County, northeast Tennessee for Scenario 2-a and 
2-b (see Fig. 19 and Fig. 21). 
Also, since hay and pasture land were preferred considering cost minimization and GHG 
emissions, land conversion from hay and pasture land would be the dominant type for 
switchgrass production. Given that the variation in cost, as shown in the baseline, mainly came 
from the opportunity cost due to the proportion of change among different types of land 
conversion (see Fig. 11), such variation of cost would be insignificant in Scenario 2, in which the 
majority of land for switchgrass production came from hay and pasture land for the regional 
cost-minimal biorefinery candidates, regional GHG emission-minimal biorefinery candidates, 
and alternative optimal biorefinery candidates. Fig. 23 shows the regional tradeoff curves for 
Scenarios 2-a, 2-b, and the baseline. The regional tradeoff curves for Scenario 2-a and 2-b were 
flatter than that of the baseline, indicating that without much increase in economic cost, the GHG 
emissions of the switchgrass supply could be significantly reduced. 
48 
 
Furthermore, the density of the feedstock supply region was also significantly different 
comparing the regional GHG emission-minimal and alternative optimal biorefinery candidates 
between the baseline and Scenarios 2-a and 2-b. In the baseline, a total of 133 and 176 crop 
zones were converted into switchgrass production for the regional GHG emission-minimal 
biorefinery candidate and the alternative optimal biorefinery candidate, respectively. However, 
in Scenario 2-a, the number of crop zones increased to 809 and 508, respectively. As for 
Scenario 2-b, since only 25% of the cattle were allowed to be migrated out of the region, the hay 
and pasture land in crop zones further away were converted, reaching 1,183 for the regional 
GHG emission-minimal candidate and 1,168 for the regional alternative optimal biorefinery 
candidate (see Fig. 24). 
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Chapter 6 Conclusion 
Biofuel generated from LCB feedstock has the potential to provide sustainable energy for 
future transportation with less influence on food supply and price compared with corn. However, 
the sustainability of LCB-based biofuel still depends on the economic and environmental 
performance of its feedstock supply chain. The objectives of this study were to examine the 
optimal design of the feedstock supply chain, specifically evaluating the tradeoffs between the 
objectives of cost and GHG emissions. A case study was conducted using switchgrass as the 
feedstock for biofuel production in Tennessee with a multi-objective mathematical model 
minimizing both cost and GHG emissions from the switchgrass supply chain. The augmented ε-
constraint method was used to generate the tradeoff curve to reveal the tradeoffs between the two 
objectives under consideration. 
The results showed that a tradeoff relationship existed between the cost and GHG 
emissions from the switchgrass supply chain. The regional cost-minimal biorefinery candidate 
was in Rutherford County, middle Tennessee with a total cost of $46 million and total GHG 
emission of 81,000 CO2e Mg. The biorefinery candidate with regional minimal GHG emissions 
was in Obion County, west Tennessee with a cost of $85 million and GHG emissions of 29,000 
CO2e Mg. By allowing for a 10% increase of cost compared with the regional minimal cost 
candidate, the regional alternative optimal biorefinery candidate was in Haywood County, west 
Tennessee, with a cost of $51 million and GHG emissions of 35,000 CO2e Mg. The imputed cost 
for GHG emission reduction was only $0.10/CO2e kg from the regional cost-minimal biorefinery 
candidate to the regional alternative optimal biorefinery candidate, which was economically 
feasible from government subsidies. However, the imputed cost for GHG emission reduction 
from the regional alternative optimal biorefinery candidate to the regional GHG emission-
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minimal biorefinery candidate was $6.11/CO2e kg, which made the further GHG emissions 
reduction economically challenging. 
Type of land that was converted to switchgrass production played an important role. On 
one hand, the lower opportunity cost of pasture and hay land made it preferable to traditional 
cropland when considering cost. On the other hand, the land conversion from traditional 
cropland into switchgrass was an environmentally preferred option since the land conversion 
from cropland to switchgrass led to net carbon sequestration while the land conversion from 
hayland into switchgrass released more carbon. The output was consistent with previous studies. 
In the study of James et al. (2010), less profitable marginal land was suggested as a means for 
switchgrass production to reduce opportunity cost compared with fertile land. On the other hand, 
the study of Kwon et al. (2013) indicated that the conversion of cropland into switchgrass led to 
net carbon sequestration and that the conversion of hayland released carbon in Tennessee. 
Previous studies on the feedstock supply chain of biofuel also found the tradeoff 
relationship between the cost and GHG emissions; however, the cause of tradeoff discussed 
varied in the previous studies. For example, You et al. (2012) found that the structure of the 
supply chain network was the leading cause of the tradeoff between cost and GHG emissions of 
the supply chain. However, little has been done to evaluate the impact of conversion from 
different types of land for feedstock production on the cost and GHG emissions from the LCB 
feedstock supply chain. 
Output from the sensitivity analysis showed the potential influence of cattle relocation 
and DML decomposition on the GHG emissions from the feedstock supply chain. Results 
suggested that DML decomposition caused considerable GHG emissions. One major factor 
influencing the GHG emissions from DML decomposition was the harvest and storage 
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technologies adopted as DML rates varied during storage which then influenced GHG emissions. 
However, DML decomposition did not affect the relative relationship between the two objectives 
given the evaluated harvest and storage technologies. The assumption about the relocation of 
cattle due to the conversion of hay and pasture land into switchgrass had an influence not only on 
the GHG emissions of the switchgrass supply chain but also the tradeoff relationship between 
cost and GHG emissions. By assuming the cattle were relocated to places outside of the study 
area and addressing the consequent GHG emission change, the comparative priority between 
cropland and pasture and hay land was altered, making the latter more attractive from both 
economic and environmental perspective.  
A limitation of this study is the estimation of GHG emissions from DML decomposition. 
The literature currently available on GHG emissions due to the decomposition of switchgrass or 
other LCB feedstocks is limited. The emission factor cited from Qin et al. (2006) needs further 
examination. Another limitation is the assumption about cattle relocation in the Scenario 2. In the 
baseline, it is assumed that the cattle on the converted hay and pasture land remain in the study 
area. That is, the density of cattle (head/acre) in the study area increases while the total cattle 
inventory remains the same. More fertilizer application and other operations would be needed to 
increase the yield of unconverted hay and pasture land; however, the associated cost was not 
considered in this study.  
This study provides valuable information of the key factors influencing the sustainability 
of the LCB feedstock supply chain considering both cost and GHG emissions in Tennessee. The 
tradeoff relationship found between the cost and GHG emissions of the feedstock supply chain in 
this case study suggests that land use for feedstock production to be considered in government 
subsidy to motivate the development of a sustainable LCB feedstock supply chain that expedite a 
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sustainable and commercialized advanced biofuel industry. Future studies could incorporate 
more criteria in the sustainable objectives, such as water usage and employment impact. 
Moreover, additional technologies in the LCB feedstock supply chain, such as preprocessing, 
could be added in the analysis. The downstream of the biofuel supply chain from biofuel 
production to end-use could also be incorporated when analyzing the sustainability of the biofuel 
industry sector. 
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Table 1. Biorefinery and Feedstock Supply Chain Operation Options and Assumptions for Different Scenarios 
  Baseline Scenario 1 with DML* Emissions  Scenario 2 with Cattle Emissions 
Harvest and Storage 
Technology 
Square bale with tarp 
and pallet 
1-a. Square bale with tarp and pallet 
Square bale with tarp and pallet 
1-b. Round bale without tarp or pallet 
1-c. Square bale with no DML during 
storage 
       * 50% 50% 
2-a. 50% 
2-b. 25% 
Biorefinery conversion 76 gallons/Mg switchgrass 
Biorefinery capacity  50 million gallons per year 
Biorefinery location Industrial parks with access to water, power, and roads, as well as sufficient storage space 
System Boundary Field to biorefinery gate 
Harvest 
November to February; 
No DML during switchgrass harvest 
Transportation 
Semi-truck with max travelling distance of 75 miles; 
2% DML during switchgrass transportation 
Note:        stands for the percentage of hay and pasture land that is available for switchgrass production, DML stands for dry matter loss. 
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Table 2. Components for Cost and GHG Emissions from Switchgrass Supply Chain 
 Economic Cost GHG Emissions 
Land Conversion Opportunity cost Land use change 
Cattle relocation* 
Production Establishment Fuel usage 
Fertilizer, herbicide, seed production 
Machine production 
 Annual maintenance 
Harvest Labor 
Fuel 
Machinery 
Fuel usage 
Machine production 
Storage Labor 
Fuel 
Machinery 
Covers and pallets 
Fuel usage 
Machinery production 
Dry matter loss decomposition* 
Transportation Labor 
Fuel 
Truck 
Truck emission 
Truck production 
Note: * indicates that the source was considered in sensitivity analysis but excluded in the baseline 
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Table 3. Definitions of Subscripts, Parameters and Variables 
 Unit Definition 
Subscripts    
i  locations of switchgrass production field 
j  location of the biorefinery 
m  month 
p  crops (hay & pasture, corn, soybean, wheat) 
b  harvest method (square baler, round baler) 
t  storage protection method 
k  type of machinery (tractor, mower, loader, rake) 
Parameters   
        $/unit traditional crop price  
        acre/unit tradition crop yield 
     $/acre production cost of traditional crop 
      
   
 ton/acre yield for switchgrass in each hexagon 
     $/acre land rent of traditional crop 
    $/acre Establishment cost in the first year 
   $/acre Annual maintenance cost 
        $/acre cost of harvesting switchgrass 
       $/acre breakeven price of land conversion to switchgrass 
     $/ton cost of storing switchgrass 
    $/ton cost of transporting switchgrass from field to biorefinery 
         CO2e kg/acre CO2 emission from land conversion of crop to switchgrass 
         CO2e kg/acre N2O emission from land conversion of crop to switchgrass 
      CO2e kg/ton GHG emissions from energy usage during storage 
      CO2e kg/acre GHG emissions from energy usage during harvest 
      CO2e kg/acre GHG emissions from energy usage during production 
          
CO2e kg 
/truck/route 
GHG emissions from energy usage during transportation 
      CO2e kg/ton GHG emissions from fertilizer production 
      CO2e kg/ton GHG emissions from herbicide production 
      CO2e kg/ton GHG emissions from seed production 
       CO2e kg/unit GHG emissions from machinery production 
          ton/truck Tonnage of switchgrass delivered per truck 
     acre cropland available in each hexagon for each crop 
        gal/year annual capacity of a biorefinery 
  gal/ton switchgrass-ethanol conversional rate 
         % ratio of working hours in each month to total  
         hour average working hours of  machinery in each month  
      hour/acre machine time per acre for each machinery 
     % maximum percent of land converted 
     % dry matter loss during transportation 
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Table 3. Continued 
 Unit Definition 
Parameters   
        % dry matter loss during storage 
    gal/month monthly demand for ethanol 
   head/acre the density of cattle one per acre of hay and pasture land 
        
CO2e kg 
/head 
GHG emissions from per head of cattle removed 
      CO2e kg/ton GHG emissions from per tonnage of lost switchgrass decomposed 
Variables   
     acre acres of switchgrass produced annually 
       acre acres of switchgrass harvested monthly  
      ton tons of switchgrass produced annually   
       ton tons of switchgrass harvested monthly from November to 
February 
        ton tons of switchgrass transported directly to the biorefinery 
after harvest 
         ton tons of switchgrass newly stored monthly from November to 
February 
        ton tons of switchgrass stored monthly from November to 
October 
         ton tons of switchgrass transported from storage to the 
biorefinery 
      
 
  unit number of equipment used in harvest 
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Table 4. Emission Factors for Switchgrass Supply Chain (Unit: CO2e kg/acre/year if no special 
note)  
 Items Value
 
Source 
Land use change CO2 
--         
Corn -385.84
 
DAYCENT 
Cotton -377.89 
Hay and pasture 210.46 
Sorghum -271.39 
Soybean -98.22 
Wheat -404.78 
Land use change N2O 
--         
Corn 69.19 
DAYCENT 
Cotton 71.06 
Hay and pasture 117.86 
Sorghum 78.81 
Soybean 95.53 
Wheat 65.96 
Farm and harvest machine 
a 
--       
Tractor 985.77 
GREET 
Loader 468.22 
Baler 
Square 
Round 
3155.54 
1693.28 
Mower 2111.25 
PTO rake 615.54 
Energy consume 
--                  
Production 33.19 
GREET Harvest 
Square 405.17 
Round 519.18 
Storage 2.32
b 
Production of fertilizer, seed and herbicide 
--                  
Fertilizer  106.49 
GREET 
Seed  18.16 
Herbicide 1.34 
Notes: 
a. Unit: CO2e kg per machinery per year 
b. Unit: CO2e kg per Mg switchgrass per year  
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Table 5. Cost and GHG Emissions Summary for the Solution Points at the Selected Biorefinery 
Candidates in Baseline 
 A0
C 
B0
E 
O0
I 
Total Cost ($) 45,968,780 85,330,422 50,565,658 
Opportunity 1,610,770 42,410,177 7,253,640 
Production 8,610,561 8,718,782 8,933,278 
Harvest 22,401,401 22,542,314 22,821,609 
Storage 2,774,791  3,083,039  2,774,791  
Transportation 10,571,257 8,576,110 8,782,338 
    
Total GHG Emission 
(CO2e Mg) 81,564 29,321 35,007 
Soil CO2 15,759 -31,182 -27,510 
Corn - (31,075) - 
Cotton (663) (105)  (28,020) 
Hay 16,424 - 1,293  
Sorghum - -  (777) 
Soybeans (2) -  (6) 
Wheat (0) (2)  (0) 
Soil N2O 9,324 5,592 6,184 
Corn - 5,572 - 
Cotton 125 20  5,269  
Hay 9,197 - 724  
Sorghum - - 185  
Soybeans 2 - 6  
Wheat 0 0 0  
Energy 36,675 37,115 37,986 
Est, AM 2,649 2,682 2,748  
Harvest 32,339 32,746 33,551  
Storage 1,687 1,687 1,687  
Transportation 3,930 1,757 1,989 
Indirect 15,876 16,037 16,356 
Machinery 5,820 5,855 5,923  
Fertilizer 8,500 8,606 8,818  
Herbicide 107 108 111  
Seed 1,449 1,468 1,504  
Total Harvested Feedstock (Ton) 727,366 727,366 727,366 
Total Land Converted (Acre) 79,816 80,819 82,808 
Hay & Pasture Land Ratio (%) 97.8 0 7.4 
No. of Crop Zone  406 133 176 
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Table 6. Cost and GHG Emissions Summary for Solution Points at the Selected Biorefinery 
Candidates in Scenario 1-a with Square Bale System 
 A1
C 
B1
E 
O1
I 
Total Cost ($) 45,968,780 85,330,422 50,565,658 
Opportunity 1,610,770 42,410,177 7,253,640 
Production 8,610,561 8,718,782 8,933,278 
Harvest 22,401,401 22,542,314 22,821,609 
Storage 2,774,791  3,083,039  2,774,791  
Transportation 10,571,257 8,576,110 8,782,338 
    
Total GHG Emission 
(CO2e Mg) 277,256  225,013  230,698  
Soil CO2 15,759 -31,182 -27,510 
Corn - (31,075) - 
Cotton (663) (105)  (28,020) 
Hay 16,424 - 1,293  
Sorghum - -  (777) 
Soybeans (2) -  (6) 
Wheat (0) (2)  (0) 
Soil N2O 9,324 5,592 6,184 
Corn - 5,572 - 
Cotton 125 20  5,269  
Hay 9,197 - 724  
Sorghum - - 185  
Soybeans 2 - 6  
Wheat 0 0 0  
Energy 36,675 37,115 37,986 
Est, AM 2,649 2,682 2,748  
Harvest 32,339 32,746 33,551  
Storage 1,687 1,687 1,687  
Transportation 3,930 1,757 1,989 
Indirect 15,876 16,037 16,356 
Machinery 5,820 5,855 5,923  
Fertilizer 8,500 8,606 8,818  
Herbicide 107 108 111  
Seed 1,449 1,468 1,504  
DML 195,692 195,692 195,692 
Total Harvested Feedstock (Ton) 727,366 727,366 727,366 
Total Land Converted (Acre) 79,816 80,819 82,808 
Hay & Pasture Land Ratio (%) 97.8 0 7.4 
No. of Crop Zone  406 133 176 
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Table 7. Cost and GHG Emissions Summary for Solutions Points at the Selected Biorefinery 
Candidates in Scenario 1-b with Round Bale System 
 A2
C 
B2
E 
O2
I 
Total Cost ($) 48,246,067 85,843,722 53,070,674 
Opportunity 1,628,030 41,342,249 7,804,646 
Production 8,395,753 8,500,764  8,767,142  
Harvest 24,708,521  24,836,534  25,161,254  
Storage - - - 
Transportation 13,513,764 11,164,174  11,337,632  
    
Total GHG Emission 
(CO2e Mg) 234,334 183,618 188,471 
Soil CO2 14,846 (30,400) (28,082) 
Corn  (1)  (30,275) - 
Cotton  (978)  (124)  (28,945) 
Hay 15,827  - 932  
Sorghum - -  (66) 
Soybeans  (3) -  (3) 
Wheat  (0)  (1)  (0) 
Soil N2O 9,050 5,452 5,984 
Corn 0  5,429   
Cotton 184  23  5,443  
Sorghum - - 16  
Hay 8,863  - 522  
Soybeans 3  - 3  
Wheat 0  0  0  
Energy 44,634 45,171 46,535 
Est, AM 2,649  2,682  2,748  
Harvest 32,339  32,746  33,551  
Storage 1,687  1,687  1,687  
Transportation 4,685 2,120 2,367 
Indirect 16,582 16,737 17,129 
Machinery 6,777  6,809  6,890  
Fertilizer 8,287  8,391  8,654  
Herbicide 104  106  109  
Seed 1,413  1,431  1,476  
DML 144,538 144,538 144,538 
Total Harvested Feedstock (Ton) 709,206 709,206 709,206 
Total Land Converted (Acre) 77,825 78,798 81,268 
Hay & Pasture Land Ratio (%) 96.6 0 5.5 
No. of Crop Zone  396 122 116 
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Table 8. Cost and GHG Emissions Summary for Solution Points at the Selected Biorefinery 
Candidates in Scenario 1-c with Square Bale System and no DML during Storage 
 A3
C 
B3
E 
O3
I 
Total Cost ($) 43,093,145 79,552,385 47,402,460 
Opportunity 1,496,150 39,087,036  6,891,721 
Production 7,946,690  8,048,238  8,243,698 
Harvest 20,674,804  20,807,028  21,061,534 
Storage 2,465,986  3,098,605  2,465,986 
Transportation 10,509,514  8,511,478  8,739,521 
    
Total GHG Emission 
(CO2e Mg) 113,247 64,993 68,666 
Soil CO2        14,466        (28,782)       (26,821) 
Corn - (28,676) - 
Cotton (662) (105) (26,730) 
Hay 15,130  - 680 
Sorghum - - (769) 
Soybeans (2) - (2) 
Wheat (0) (1) (0) 
Soil N2O          8,599            5,162            5,592  
Corn - 5,142 - 
Cotton 124  20 5,026 
Hay 8,473  - 381 
Sorghum - - 183 
Soybeans 2  - 2 
Wheat 0  0 0 
Energy 33,848 34,261 35,055 
Est, AM 2,445  2,476 2,536 
Harvest 29,846  30,227 30,961 
Storage 1,557  1,557 1,557 
Transportation 3,838 1,705 1,901 
Indirect 14,676 14,827 15,118 
Machinery 5,395  5,428 5,490 
Fertilizer 7,844  7,945 8,137 
Herbicide 99  100 102 
Seed 1,338  1,355 1,388 
DML 37,821 37,821 37,821 
Total Harvested Feedstock (Ton) 671,321 671,321 671,321 
Total Land Converted (Acre) 73,662 74,604 76,415 
Hay & Pasture Land Ratio (%) 97.6 0.0 4.2 
No. of Crop Zone  378 118 125 
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Table 9. Cost and GHG Emissions Summary for Solution Points at the Selected Biorefinery 
Candidates in Scenario 2-a with        Equals 50% 
 A4
C 
B4
E 
O4
I 
Total Cost ($) 45,968,780 54,321,204 50,565,658 
Opportunity 1,610,770 2,028,857  2,082,871  
Production 8,610,561 9,637,241  9,417,575  
Harvest 22,401,401 23,738,232  23,452,207  
Storage 2,774,791  2,909,756  2,774,791  
Transportation 10,571,257 16,007,119  12,838,214  
    
Total GHG Emission 
(CO2e Mg) (79,176) (229,011) (204,339) 
Soil CO2        15,759         24,045         23,434  
Corn - - - 
Cotton (663) - - 
Hay 16,424  24,045  23,434  
Sorghum - - - 
Soybeans (2) - - 
Wheat (0) - - 
Soil N2O          9,324         13,466         13,123  
Corn - - - 
Cotton 125 - - 
Hay 9,197  13,466 13,123 
Sorghum - - - 
Soybeans 2  - - 
Wheat 0 - - 
Energy 36,675 51,770 50,497 
Est, AM 2,649  3,792  3,696  
Harvest 32,339  46,291  45,114  
Storage 1,687  1,687  1,687  
Transportation 3,930 9,668 6,978 
Indirect 15,876 22,313 21,815 
Machinery 5,820  7,918  7,787  
Fertilizer 8,500  12,167  11,857  
Herbicide 107  153  149  
Seed 1,449  2,075  2,022  
Cattle (160,740) (350,273) (320,188) 
Total Harvested Feedstock (Ton) 727,366 727,366 727,366 
Total Land Converted (Acre) 79,816 114,252 111,347 
Hay & Pasture Land Ratio (%) 97.8 100 100 
No. of Crop Zone  406 809 508 
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Table 9. Cost and GHG Emissions Summary for Solution Points at the Selected Biorefinery 
Candidates in Scenario 2-a with        Equals 25% 
 A4
C 
B4
E 
O4
I 
Total Cost ($) 47,641,023  53,052,286  52,405,125  
Opportunity 1,729,581 1,844,227  1,836,993  
Production 8,609,191  9,294,554  9,289,013  
Harvest 22,399,618  23,292,022  23,284,807  
Storage 2,774,791  2,931,338  2,781,744  
Transportation 12,127,841  15,690,145  15,212,568  
    
Total GHG Emission 
(CO2e Mg) (77,507) (161,663) (160,365) 
Soil CO2 15,017  20,755  20,652  
Corn (8) -  -  
Cotton (1,125) -  -  
Hay 16,150  20,755  20,652  
Sorghum -   - -  
Soybeans  (6)  - -  
Wheat  (2)  - -  
Soil N2O 9,264  11,623  11,566  
Corn 1   - -  
Cotton 212   - -  
Hay 9,045  11,623  11,566  
Sorghum -   - -  
Soybeans 6   - -  
Wheat 0  - -  
Energy 36,670 44,917 44,704 
Est, AM 2,649  3,273  3,257  
Harvest 32,334  39,956  39,759  
Storage 1,687  1,687  1,687  
Transportation 5,400 9,530 9,436 
Indirect 15,874 19,347 19,255 
Machinery 5,819  6,922  6,891  
Fertilizer 8,498  10,502  10,450  
Herbicide 107  132  131  
Seed 1,449  1,791  1,782  
Cattle (159,724) (267,835) (265,977) 
Total Harvested Feedstock (Ton) 727,366 727,366 727,366 
Total Land Converted (Acre) 79,803 98,616 98,130 
Hay & Pasture Land Ratio (%) 96.2 100 100 
No. of Crop Zone  831 1183 1168 
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Figure 1. Tradeoff between cost and GHG emissions due to type of land conversion  
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Figure 2. Single-location tradeoff curve  
  
80 
 
 
Figure 3. Regional tradeoff curve 
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Figure 4. Study area of Tennessee in crop zone level 
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Figure 5. Switchgrass yield of the study area in crop zone level 
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Figure 6. GHG emissions change converting different crops into switchgrass from DAYCENT 
  
 (500.00)
 (400.00)
 (300.00)
 (200.00)
 (100.00)
 -
 100.00
 200.00
 300.00
 400.00
Corn Cotton Hay Sorghum Soybean Wheat
C
O
2
e 
k
g
/a
cr
e/
y
ea
r
 
CO2 Emission N2O Emissions Total GHG Emissions
84 
 
 
 
Figure 7. The density of cattle on hay and pasture land (head/acre) for the counties in the 
study area 
 
85 
 
  
 Figure 8. Location of biorefinery and associated supply region for the three selected biorefinery candidates in baseline
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Figure 9. The solution points for the baseline
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Figure 10. The tradeoff curves for three selected biorefinery candidates in baseline and the 
regional tradeoff curve 
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Figure 11. Comparison of cost, GHG emissions and percentage of hay and pasture land converted in total land converted of the 
three biorefinery candidates in baseline 
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Figure 12. Location of biorefinery and associated supply region for three selected biorefinery candidates in scenario 1-a using 
square bale  
90 
 
 
Figure 13. Location of biorefinery and associated supply regions for three selected biorefinery candidates in scenario 1-b using 
round bale
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Figure 14. Location of biorefinery and associated supply region for three selected biorefinery candidates in scenario 1-c using 
square bale with no DML during storage 
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Figure 15. Regional tradeoff curves for baseline and the three cases in scenario 1 
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Figure 16. The DML rate and associated GHG emissions from baseline and three cases in 
scenario 1 
Note: GHG emissions from DML decomposition were neglected in the baseline. 
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Figure 17. Number of crop zones converted for switchgrass production for baseline and the 
three cases in scenario 1 
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Figure 18. Location of biorefinery and associated supply region for regional cost-minimal (A4) and regional GHG emission-
minimal (B4) biorefinery candidates in scenario 2-a with        equals 50%  
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Figure 19. Location of biorefinery and associated supply region for the alternative optimal biorefinery candidate (O4) in scenario 
2-a with        equals 50%  
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Figure 20. Location of biorefinery and associated supply region for regional cost-minimal (A5) and regional GHG emission-
minimal (B5) biorefinery candidates in scenario 2-b with        equals 25%  
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Figure 21. Location of biorefinery and associated supply region for the alternative optimal biorefinery candidate (O5) in scenario 
2-b with        equals 25% 
99 
 
(a) GHG emissions 
 
(b) Regional hay and pasture land ratio (R) 
 
Figure 22. GHG emissions and associated R from the three selected biorefinery candidates for 
baseline and the two cases in scenario 2 
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Figure 23. Regional tradeoff curves for baseline and the two cases in scenario 2 
  
 40
 45
 50
 55
 60
 65
 70
 75
 80
 85
 90
 (300,000)  (200,000)  (100,000)  -  100,000
M
ill
io
n
 $
 
CO2e Mg 
Baseline
Scenario 2-a
Scenario 2-b
101 
 
 
Figure 24. Number of crop zones converted for switchgrass production for baseline and the 
two cases in scenario 2 
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